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E-pharmacophore based virtual screening for identification of dual specific
PDE5A and PDE3A inhibitors as potential leads against cardiovascular diseases
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ABSTRACT
The need of circumventing life-threatening cardiovascular disorders (CVDs) and pulmonary hyperten-
sion (PHT) worldwide prompts researchers to develop effective therapeutic agents. Crucial role of cyc-
lic nucleotide phosphodiesterase-5 (PDE5A) and cyclic nucleotide phosphodiesterase-3 (PDE3A) in
cardiovascular signaling makes them potential drug targets for the treatment of CVDs and PHT. In this
study, one-drug-multiple-target strategy has been employed to screen inhibitors exhibiting dual speci-
ficity through Phase-generated and statistically validated e-pharmacophore models of PDE5A and
PDE3A. An extensive CoCoCo database of 7 million compounds with �150,000,000 conformations was
virtually screened by sequential e-pharmacophore mapping followed by Lipinski Rule of Five (RO5)
evaluation and hierarchical docking simulations. Finally, docked hits were subjected to rigorous
MMGBSA analysis to estimate the relative spatial affinity of the drug-like compounds. The hits (354
and 366 ligands against PDE5A and PDE3A, respectively) were further optimized through 2D clustering
followed by a comprehensive 2D and 3D interaction analysis. Five structurally diverse hits mapped
equally well with the e-pharmacophore models and showed promising inhibitory interactions with
conserved four catalytic features of PDE5A and PDE3A, thus exhibiting dual specificity. Proposed lead
compounds exhibited the lowest MMGBSA binding energies and were found to be in agreement with
Lipinski Rule of Five (RO5) and ADME/Tox criteria as compared to sildenafil. The proposed dual inhibi-
tors could thus provide promising outcomes for the discovery of dual as well as multipotent drug like
compounds after lead optimization and primary therapeutic interventions.
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1. Introduction

According to World Health Organization (WHO), cardiovascu-
lar diseases (CVDs) were responsible for 31% of all global
deaths, causing highest death percentage globally in 2016.
In 2017, approximately 17.9 million deaths were estimated to
be caused by CVDs, and out of these around 85% account
for heart attacks and stroke (Rosengren et al., 2019). Around
three-quarters of the deaths associated to CVDs are reported
in low- and middle-income countries (Kaptoge et al., 2019).
In such an alarming situation, only 3% hypertensive patients
adequately receive treatment (Hashmi et al., 2007). The most
prevalent forms of CVDs worldwide are coronary heart dis-
ease, peripheral arterial disease, cardiomyopathy and thoracic
aortic aneurysm (TAA). In the wake of this scenario, research
on the cellular signaling pathways implicated in CVDs has
become the most pressing need (Roth et al., 2017).

Humans have evolved innumerable complex extracellular
and intracellular signaling pathways, mediated by a multi-
tude of primary and secondary signaling messenger mole-
cules, receptors, co-receptors and ion channels that maintain
cell to cell communication in cardiovascular system.
Regulation of these interwoven complex signaling pathways
is strictly dictated by the accurate sensing of primary and
secondary messenger molecules (Khalid et al., 2019). Cyclic
30,50-guanosine monophosphate (cGMP) is a secondary mes-
senger molecule that teams up with nitric oxide (NO) to con-
stitute a multifaceted conserved NO/cGMP signaling
pathway, in which NO encoded extracellular cues are
decoded through cGMP responsive proteins to control myr-
iad of biological processes related to CVDs (Fischmeister
et al., 2006). Activation of cGMP signaling pathway, in order
to increase the bioavailability of cGMP in arterial smooth
muscles has emerged as a potential intervention in treat-
ment of CVDs and pulmonary hypertension (Cesarini et al.,
2019). In the human cGMP signaling pathway, phosphodies-
terases (PDEs) are ubiquitously expressed cyclic nucleotide
sensing proteins, which supervise the cellular content of cyc-
lic guanosine monophosphate (cGMP) and cyclic adenosine
monophosphate (cAMP). They act as negative regulators of
the concentration of cGMP and/or cAMP by hydrolytic
destruction into 50-GMP or 50-AMP. Together with other sig-
naling partners, they are involved in subcellular cyclic
nucleotide signaling pathways to control multiple physio-
logical processes; for example smooth muscle relaxation,
platelet aggregation, cell proliferation, apoptosis and myocar-
dial contractility (Maryam et al., 2019). Various studies
reported the association of perturbations in PDEs with acute
myocardial infarction, heart failure, pulmonary hypertension,
diabetes, chronic obstructive pulmonary disease (COPD),
erectile dysfunction, arthritis, hereditary retinal degeneration,
cancer and various other diseases (Ahmad et al., 2015; Beavo
& Brunton, 2002).

In vascular smooth muscle cells, the presence of two dif-
ferent cGMP signalosomes regulated by diverse PDEs has
been documented. The first one is particulate guanylate
cyclase (pGC/cGMP) signaling which is regulated by both
PDE5 and PDE3, and the other one is soluble guanylate
cyclase sGC/cGMP, which is solely controlled by PDE3 (Khalid

et al., 2019; Wobst et al., 2015). A number of studies have
established the strong potential of cGMP specific PDE5 and
cAMP/cGMP specific PDE3 in treatment of CVDs (Crosswhite
& Sun, 2010; Koyama et al., 2001; Movsesian, 2002; Sampson
et al., 2001; Stoclet et al., 1995). Out of total 11 PDEs, promis-
ing cardio-tonic PDEs are most abundantly expressed in
arterial smooth muscles, heart and platelets i.e. cGMP specific
PDE5, PDE9, PDE3 and PDE1 (Feil et al., 2003; Maurice, 2005;
Maurice et al., 2003; Rabe et al., 1995).

Various success stories highlighting the therapeutic utility
of PDE5A and PDE3A specific inhibitors for the treatment of
CVDs are available (Hambleton et al., 2005; Movsesian, 2003).
The Food and Drug Administration (FDA) approved three
PDE5 selective inhibitors, namely Sildenafil, Tadalafil and
Vardenafil, which were earlier prescribed only against erectile
dysfunction, which are also now highly recommended for
the treatment of neonatal pulmonary hypertension, cardiac
hypertrophy, schizophrenia and various learning and memory
disorders (Greco et al., 2006; Hambleton et al., 2005; Wharton
et al., 2005). In cardiac hypertrophy, sildenafil has been
found effective as it limits hypertension induced fibrotic
response (Gresele et al., 2011). Sildenafil has also been
reported as an effective therapeutic for patients of heart fail-
ure with left ventricular diastolic dysfunction (LVDD) and car-
diac geometry after cardiac bypass surgery. PDE5 inhibitors
are currently used as an antiplatelet therapy in patients
treated for acute cardiovascular ischemic and heart failure.
The idea of administrating PDE5 inhibitors is to target intra-
cellular NO induced cGMP signaling networks for maintaining
an enhanced level of cGMP concentration within platelets
(Movsesian & Kukreja, 2011). Unlike the dual therapy of
aspirin and clopidogrel, PDE5 inhibitors are found more
effective in blocking platelet aggregation and they are gen-
erally considered well tolerated and safe in all reported PDE
inhibitors (Gresele et al., 2011). One of the few limitations of
using PDE5 inhibitors is its cross reactivity against the photo-
receptor-specific PDE6 isoforms which have been reported in
various studies as a cause of visual disturbance in patients
(Foresta et al., 2008). In addition to this, the use of PDE5
inhibitors (i.e. sildenafil and vardenafil) has been also associ-
ated with headache, cynopsia, functional blindness and nau-
sea (Boswell-Smith et al., 2006).

Similarly, PDE3A inhibitors are effective antiplatelet and
antithrombotic drugs with vasodilatory effects. PDE3 drugs
i.e. cilostazol and milrinone, are currently administered for
treatment of severe heart failure, congestive heart and inter-
mittent claudication; however their safety and efficacy is still
being questioned, since an increased mortality rate due to
cardiac arrest has been reported in patients using PDE3A
inhibitors (Bobin et al., 2016; Ikeda, 1999).

Owing to the side effects posed by already reported PDE5
and PDE3A inhibitors, the idea of exploring new compounds
against both the PDE isoforms has been rekindled.
Additionally, the concept of dual PDE therapies has emerged
recently which aims targeting multiple PDEs to realize effect-
ive response against disease with fewer side effects.
Sildenafil-induced inhibition of PDE1 for the treatment of
heart failure has paved the way for designing novel drug-like
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compounds which may target multiple PDE isoforms for the
treatment of CVDs (Chan & Yan, 2011). Various evidences
have suggested combined therapy of PDE1–PDE4 inhibitors,
PDE4-PDE7 inhibitors and PDE8-PDE4 inhibitors as an effect-
ive treatment for asthma, chronic obstructive pulmonary dis-
ease (COPD) and pulmonary inflammation, respectively (Chan
& Yan, 2011; Tsai & Beavo, 2011).

This study is focused on the discovery of novel dual-spe-
cific second-generation inhibitors of PDE5A and PDE3A by
utilizing sildenafil bound PDE5A complex. To the best our
knowledge, there is no exhaustive in silico study available for
simultaneous inhibition of these structurally and functionally
conserved proteins. Virtual ligand screening coupled with
energy-based pharmacophore models integrates both ligand
and structure-based approaches (Ece, 2016, 2020; Loving
et al., 2009; Salam et al., 2009). Aiming to handle the intri-
cate task of combined inhibition of PDE5A and PDE3A, the
study implements the dual-target approach by applying an
exhaustive e-pharmacophore as well as sequential molecular
docking based virtual ligand screening protocol to weed out
the non-binders from a dataset of 7 million compounds
based on the conserved/common interaction pattern. As
both these PDEs harbor heart and vascular smooth muscle
cells, it is anticipated that simultaneous and/or combined tar-
geting of both PDE5A and PDE3A will overcome the limita-
tion of the reported drugs and prove beneficial for the cost-
effective treatment of CVDs.

2. Materials and methods

2.1. Sequence alignment and binding pocket analysis of
reference proteins

Pairwise sequence alignment of the amino acid sequences of
the catalytic domains of human PDE3A (UniProtKB-Q14432)
and human PDE5A (UniProtKB-O76074) was performed in
CLC Genomic Workbench 12 to assess the sequence similar-
ity between them (‘UniProt: The universal protein knowl-
edgebase’, 2016; Workbench, 2010). Furthermore, the
binding pocket similarity was also assessed by superposing
three dimensional (3D) structures of both receptors. For
superposition, high resolution crystal structure of human
PDE5A in complex with sildenafil (PDB ID: 2H42; 2.30 Å) was
retrieved from protein data bank (PDB) (Wang et al., 2006).
As a solved structure of PDE3A was not available,
a comparative model of the catalytic domain of PDE3A was
built using Prime module of Schr€odinger 2018-4 (Jacobson
et al., 2004).

2.2. Homology modeling of PDE3A catalytic domain

An iterative BLAST homology search (Madden, 2013) was
performed to seek suitable templates with highest identity
and maximum positives for homology modeling of catalytic
domain of PDE3A. A multi-template homology model was
built by using solved structures of the catalytic domains of
PDE3B (PDB ID: 1SO2_B) (Scapin et al., 2004), the apo-form
of PDE4D (PDB ID: 3SL3_A) (Nankervis et al., 2011) and

PDE5A (2H42_B) (H. Wang et al., 2006). All the aforemen-
tioned templates belong to the closely related homologs of
human PDE3A.

Multiple templates were used in building the model of
PDE3A catalytic domain. All templates were annotated first
to develop a common/consensus reference frame and then
aligned structurally using SSpro program present in Prime
module (Jacobson et al., 2004). SSPro, a secondary structure
prediction (SSP) program, uses a novel algorithm to generate
composite secondary structure prediction by querying pro-
tein sequence and then aligning it with the secondary struc-
ture assignment (SSA) of the templates. Only those
templates were retained that aligned well with the SSP of
PDE3A catalytic domain.

To identify globally conserved regions/residues between
the selected templates and the query sequence, PFAM family
information was employed, and knowledge-based methods
of the Prime module (Sindhikara et al., 2017) were used to
build a model with heteroatoms bound inside the pocket.
Based on the Ramachandran analysis, structure refinement of
the initial model was done using the multi-step Protein
Preparation Wizard (Sastry et al., 2013) available in
Schr€odinger’s (Schr€odinger Release 2018-4) small-molecule
drug discovery suite. Before energy minimization, missing
hydrogen atoms were added. Bond orders and protonation
states of the preprocessed model were adjusted. Afterwards,
the preprocessed model was assigned to the Impact
Refinement module (Impref; Impact version 5.5, Schr€odinger,
LLC, New York, NY, 2009) (Salam et al., 2009) where the opti-
mized potential for liquid simulations 2005 (OPLS 2005) force
field (Shivakumar et al., 2010) was applied for the restrained
energy minimization of the initial model. During this brief
energy minimization, hydrogen atoms were allowed to be
minimized freely while a cutoff of 0.30 Å for root-mean-
square deviation (RMSD) was maintained to relax the
strained angles and bonds of the heavy atoms, to alleviate
steric clashes between the atoms. Quality assessment of the
homology model of PDE3A catalytic domain was performed
through Ramachandran Plot plugin of Protein Preparation
Wizard and RAMPAGE (Lovell et al., 2003).

Likewise, the crystal structure of PDE5A complexed with
sildenafil was also minimized before proceeding to pharma-
cophore modeling and molecular docking. Binding sites of
the PDE3A and PDE5A catalytic domains were then aligned
using the Align binding site module of the Protein tools
in Schr€odinger.

2.3. Grid generation of receptor proteins

For molecular docking, the shape and properties of the lig-
and binding pockets of the catalytic domains of PDE5A and
PDE3A, were defined by using the receptor grid generation
function embedded in Glide module (Kawatkar et al., 2009).
It picks the coordinates of an already complexed ligand, to
generate a 3D grid of specific dimensions to represent the
active site of the receptor. By default, the grid defines the
position and size of the active site by focusing the centroid
of the already bound ligand. Dimensions of the binding
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region in the case of PDE5A were 28 Å, 26 Å, 26 Å box and
31Å, 31 Å and 28Å box for PDE3A, centered on the co-crys-
tallized ligand. The partial charge cutoff was kept at 0.25 and
a scaling factor of 1.0 was applied to the van der Waals radii
during docking.

For the molecular docking of native ligands, the Glide XP
(extra precision) module of Maestro (Friesner et al., 2004,
2006; Halgren et al., 2004) was used and the RMSD of the
docked conformation was compared with the co-crystal
structure of PDE5A and sildenafil (PDB ID: 2H42_B).

2.4. E-pharmacophore generation

After collecting sufficient information about the binding sites
of the catalytic domains of PDE5A and PDE3A, Phase module
(Schr€odinger Release 2018-4: Phase, Schr€odinger, LLC, New
York, NY, 2018) was used to develop the energy-optimized
pharmacophore (e-Pharmacophore) hypothesis (Dixon et al.,
2006). Before generating the e-pharmacophore, Phase first
recruits the Glide XP tool to dock the already bound ligand
inside the binding pocket of the protein under study and
selects the top ranked pose for auto-pharmacophore gener-
ation. By default, e-pharmacophore specifically takes into
account the following six chemical features: hydrogen-bond
donor (D), hydrogen-bond acceptor (A), hydrophobic group
(H), aromatic ring (R), negative ionic feature (N) and positive
ionic feature (P). Each of the aforementioned features is
quantified in terms of an energy score through Glide XP.
Glide XP takes the cumulative energy contribution of all the
constituting atoms of that site and selects the top ranked
features for building the final pharmacophore.

2.5. Pharmacophore validation

The validation of an e-pharmacophore model is a fundamen-
tal first step that should be carried out to prove its accuracy
and specificity in picking active molecules, while guiding vir-
tual ligand screening from a database. In the present study,
the actives (310 ligands) and decoy (5194 ligands) data sets
of PDE5A were retrieved from the Directory of Useful
Decoys: Enhanced (DUD.E) (http://dude.docking.org/) (Huang
et al., 2006; Mysinger et al., 2012) database. For PDE3A, 158
active molecules including Papaverine, Cilostamide,
Milrinone, etc. were retrieved from ZINC (Irwin & Shoichet,
2005) and CHEMBL database (Bento et al., 2014); whereas,
11860 unique decoy molecules were generated from the
Generate option of Directory of DUD.E. Before validation, pre-
processing of the active and decoy datasets for PDE5A and
PDE3A was performed using LigPrep module (LigPrep v2.2,
Schr€odinger LLC, New York, NY). All possible ionizable states
as well as tautomeric forms at pH range of 7.0 ± 2.0 were
generated using Epik module (Greenwood et al., 2010) of
LigPrep. For each compound, at most 32 conformers were
generated by default and low energy stereoisomers holding
correct chiralities were engaged for further analysis.
Hypothesis validation tool of Phase module (Schr€odinger
Release 2018-4: Phase, Schr€odinger, LLC, New York, NY, 2018)
was used which takes hypothesis file along with decoy and

actives dataset as an input to calculate aforementioned per-
formance parameters. Phase screen score was used as a scor-
ing function. Afterward, enrichment viewer function of Phase
module was used to view the enrichment report.

Various statistical parameters including enrichment factors
(EF), robust initial enhancement (RIE), Boltzmann enhanced
discrimination of receiver operating characteristic (BEDROC),
area under accumulation curve (AUAC) and receiver-operat-
ing characteristics (ROC) were calculated for Hypothesis valid-
ation (Braga & Andrade, 2013; Huang & Wong, 2016; Truchon
& Bayly, 2007).

2.6. E-pharmacophore based database screening

In the current study, Commercial Compound Collection
(CoCoCo) (Del Rio et al., 2010) in Phase database format has
been used for the e-pharmacophore guided screening
against PDE5A and PDE3A catalytic domains. This database is
comprised of 7 million compounds with �150,000,000 con-
formers from multiple vendors (i.e. Chembridge Asinex, Life
Chem, Princeton, ChemDiv, NCI Open, Enamine and Specs).
During the screening process, molecules with high ioniza-
tion/tautomeric states were removed and ligands were pre-
filtered using QikProp (Schr€odinger Release 2018-4: QikProp,
Schr€odinger, LLC, New York, NY, 2018) and Lipinski’s Rule of
five (RO5) criteria (Lipinski, 2004). QikProp computes a wide
range of drug like properties based on the 3D structure of
the ligand and filters out the compounds with unsuitable
absorption, distribution, metabolism and excretion (ADME)
properties. Descriptors related to drug-likeness calculated
through QikProp in this study were total solvent accessible
surface area (SASA), apparent MDCK cell permeability
(QPPMDCK), percentage of human absorption (%HOA), blood
brain barrier coefficient (QlogP BB), polar surface area (PSA)
and logarithm of octanol-water partition coefficient
(QPlogPo/w).

Additionally, ligands with reactive functional groups, and
with chemical properties against RO5, were also trimmed
from dataset during screening. For the screening of com-
pounds against the e-pharmacophore of the PDE5A catalytic
domain, a 4 out of 5 conserved sites match criteria was
applied while for the PDE3A, all the four pharmacophore
sites were considered as a prerequisite for any ligand to
match. Screened ligands were ranked based on their fitness
score. Fitness score is basically a quantitative measure of
how well a particular ligand matches/aligns with the e-
pharmacophore model. Ranking of any screened ligand also
depends on align score, vector score and volume score
(Ece, 2020).

2.7. Virtual screening workflow

Hierarchical virtual screening strategy was employed using
virtual screening workflow (VSW) of Schr€odinger’s small mol-
ecule drug discovery suite. For the molecular docking, all the
phase screen compounds were first fed for high throughput
virtual screening (HTVS) approach with default parameters. In
the next step only 10% of the best compounds in all states
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were inducted for Glide SP docking. Here, again 10% of the
best docked compound, only with good scoring states, were
retained for the Glide XP docking. For each compound state,
3 poses were generated and best scoring states of the
docked molecules were considered for post docking analysis.

2.8. Post docking analysis

2.8.1. MMGBSA analysis
Top ranked Glide XP docked poses of the PDE5A and PDE3A
drug bound complexes were further analyzed via molecular
mechanics generalized Born/surface area (MM-GBSA) calcula-
tions by applying default parameters of Prime-MMGBSA func-
tion (Jacobson et al., 2002). It uses the structural information
of drug bound complexes and applies molecular mechanics,
solvent accessibility and generalized Born/surface area to
estimate the change in the potential free energy. It is actu-
ally a measure of structural change upon binding of a drug
molecule to the receptor pocket in terms of the energy value
(Genheden & Ryde, 2015).

2.8.2. Clustering
The best docked hits against catalytic domains of PDE5A and
PDE3A were evaluated further by clustering analysis using
Automatic analysis of poses using self-organizing maps
(AuPosSOM) (Mantsyzov et al., 2012). All the docked ligands
were grouped into separate clusters based on the similarity
of their contacts/interactions with the receptor proteins.
Potential binders to PDE5A and PDE3A catalytic pockets
were identified by computing hydrogen bond interactions,
polar interactions and other intermolecular interactions.
During clustering, AuPosSOM reads all the docked poses and
generates 2D fingerprints. It performs noise filtering twice to
remove the population of weak contacts. Any contact whose
average population in all the clusters was less than 0.02 Å
was considered as weak/noise. Ligands with similar 2D inter-
actions were clustered together. Two-dimensional (2D) inter-
actions were calculated between atoms of the receptor
protein and the ligand. Hydrogen bond interactions for all
donor acceptor pairs were computed by considering distance
between hydrogen bond donor and acceptor atom pair as
1.85 Å± 0.65 Å while a threshold for the angle was set at
180� ± 80�. For coulomb contacts, cutoff distance of 1 Å and
a threshold value of 0.5 e (charge) was selected as the best
one. For lipophilic contacts, a distance constant of 0.5 Å was
assigned by AuPosSOM.

Based on all the 2D interactions, AuPosSOM assigns a
score to all contact-based sorted clusters for the identifica-
tion of active compound. Plot of these scores and 2D contact
maps illustrate specificity and contact intensity in a particular
cluster, respectively. Finally, only those clusters were selected
for further analysis in which conserved residues of PDE5A
and PDE3A were present in 2D fingerprints.

2.8.3. Interaction analysis
All the top ranked PDE5A and PDE3A docked poses were
curated manually through binding pocket occupancy analysis

and 2D and 3D interaction analysis of the drug-bound com-
plexes of PDE5A and PDE3A. Comprehensive analysis of
inhibitory potential of the bound ligand based on intermo-
lecular forces such as hydrogen bonding, electrostatic inter-
actions, Van der Waals forces and hydrophobic interactions
was performed using graphical illustration of Schrodinger lig-
and interaction module and Intermezzo program (Ochoa-
Monta~no & Blundell, unpublished). Manual curation helped
us to figure out the dual inhibitors for PDE5A and PDE3A. All
the selected lead molecules were compared with already
available reference drugs of PDE5A and PDE3A in terms of
dock score, MMGBSA binding energy and drug likelihood
parameters to evaluate their potential efficacy with respect
to the already reported drug like molecules.

3. Results and discussion

Structure based virtual ligand screening is regarded as a prom-
ising time and cost-effective lead finding strategy. It employs
available structural information about the target protein to
assist the complex process of drug discovery (Mollica et al.,
2019; Poli et al., 2019). Various success stories using the
pharmacophore guided virtual drug screening have been
reported in the last few years in which computational biolo-
gists proposed novel therapeutic solutions mainly against vari-
ous forms of cancer (da Silva et al., 2008; Ece, 2016; Ece &
Sevin, 2013), tuberculosis (Saxena et al., 2018), Alzheimer’s dis-
ease (Ece, 2020), Dengue (ul Qamar et al., 2019) and Malaria
(Villoutreix et al., 2009). A similar study reported the applica-
tion of e-pharmacophore-based virtual screening to discover
dual inhibitors of metabotropic glutamate receptor mGluR1
and mGluR5 (Prabhu & Singh, 2019). In this study, e-pharmaco-
phore based drug design approach has been applied to utilize
high fold similarity and conserved catalytic features of human
PDE3A and PDE5A for screening dual specific inhibitors against
CVDs. Pharmacophore mapping helped us to filter only those
molecules which exhibited specific chemical features enabling
dual inhibition of PDE5A and PDE3A.

3.1. Sequence and structural analysis

Conservation of functional residues within the binding pock-
ets of PDE3A and PDE5A is crucial to design dual specific
inhibitors. Common structural features of the binding pock-
ets of PDE3A and PDE5A were identified to build a reliable
homology model of PDE3A catalytic domain. Closely related
solved crystal structures of PDE3B (PDB ID: 1SO2_B), PDE4D
(PDB ID: 3SL3_A) and PDE5A (2H42_B) were used as tem-
plates to obtain a sildenafil-bound homology model of
PDE3A catalytic domain (Figure 2(a)). Root-mean-square devi-
ation (RMSD) values between PDE3A homology model and
crystal structures of PDE3B, PDE4D and PDE5 were found as
0.44 Å, 0.92 Å and 0.91 Å, respectively. Slightly higher RMSD
between the homology model of PDE3A and PDE5A was due
to the structurally unannotated insert region that comprised
of 44 amino residues (Figure 1(b)). Homology model of
PDE3A, as shown in Figure 1(a), exhibits typical conserved
catalytic fold features of PDE family, a compact fold of 16
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a-helices connected by 16 loops. Loop between helix5 and
helix6 shows a structurally unannotated region of PD3A even
in the solved PDE3B structure. In addition to structurally
unannotated regions, structural alignment revealed two
regions (H-loop and M-loop) that displayed slight structural
divergence from PDE5A catalytic domain (Figure 2(b)).
Specifically, H-loop of PDE5A spanning from V660 to H683 is
changed to one a-helix connected to another p-helix
through short loop (R843-D861). Structural variation of H-
loop between PDE3A and PDE5A is probably due to the vari-
ation in amino acid sequence in this region. For this region
PDE3A model was built using the coordinates of the corre-
sponding regions in PDE3B and PDE4D templates. This spe-
cific region of PDE3A is rich in alanine, leucine and arginine;
residues with higher helix propensity when compared to H-
loop region of PDE5A. Moreover, M-loop spanning from
L982-Q996 is intact both in PDE3A and PDE5A (L797-K812)
but it is further away from the center of the active site.

Ramachandran plot revealed 95.9% residues in favored
region and 4.1% in allowed region while none of the resi-
dues was detected as outlier.

Sequence alignment of catalytic domains of human
PDE3A and PDE5A in CLC workbench revealed 21.1%
sequence identity and 38.4% similarity. Sequence variation
between these two PDE homologs lies due to a distinctive
gap comprising of 44 amino acids insert which is a unique
feature of PDE3A subfamily, absent in other PDE isoforms
(Figure 2(a)) (Movsesian, 2002). Furthermore, binding site
alignment in Schr€odinger Prime module showed 1.16 Å
RMSD which is primarily due to the structural variation in H-
loop region as fluctuation in M-loop region is negligible
(Figure 2(b)). Binding pocket analysis shown in Figure 2(b)
revealed eight conserved residues in PDE3A and PDE5A cata-
lytic domains. In PDE5A catalytic domain, Y611, N662, D764,
F786, Q817, F820, I821 and I824 were found to be conserved
in PDE3A catalytic pocket; only the residue position varies i.e.

Figure 1. (a) Homology model of human PDE3A. (b) Superposition of crystal structure of PDE5A (PDB id: 2H42: purple) and homology model of PDE3A (blue).
Regions highlighted in red color show dissimilar regions between the two structures. One is a structurally unannotated loop containing PDE3A insert of 44 amino
acids, the second is H-loop of PDE3A showing a small helix and M-loop where positioning of the loop relative to PDE5A is changed.

Figure 2. (a) Pairwise sequence alignment of catalytic domain of PDE5A and PDE3A. Critical regions of functional importance i.e. H-loop, M-loop and PDE3A insert
are highlighted with red colored boxes. Highly conserved as well as dissimilar catalytic residues are highlighted in green and blue colored diamond dots respect-
ively. (b) Structural alignment of binding pockets of PDE3A and PDE5A illustrating the conserved catalytic residues (labeled in red) and dissimilar catalytic residues
(labeled in black) between PDE5A and PDE3A. Residues of PDE5A catalytic pocket are underlined.
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Y751, N845, D950, F972, Q1001, F1004, I1005 and I1008
(Figure 2(b)).

Substitutions of the aforementioned residues between
PDE5A and PDE3A catalytic domain don’t cause any signifi-
cant variation to the structural and physiochemical environ-
ment of the binding pocket of both types of PDEs. We thus
infer that the substituted amino acids at the corresponding
positions in PDE3A binding pocket confer similar physico-
chemical properties in PDE5A and therefore exhibit similar
interaction pattern.

3.2. Native ligand binding and e-pharmacophores
characteristics

The crystal structure of PDE5A catalytic domain in complex
with sildenafil and homology model of sildenafil bound
PDE3A catalytic domain were used for structure-based
pharmacophore modeling. As discussed above, the structure
of the catalytic domain of human PDE3A is yet to be deter-
mined, but the human PDE3B catalytic domain; a closely
related isoform has been reported in PDB.

Generally, for the structure- guided drug discovery, experi-
mentally solved protein structures are preferred but compu-
tationally predicted homology models with high sequence
identity to template have also been used successfully.
Homology models of epidermal growth factor-receptor

tyrosine kinase protein (Ghosh et al., 2001), Bruton’s tyrosine
kinase (Mahajan et al., 1999), aurora kinase (Vankayalapati
et al., 2003) and cyclin dependent kinase 4 (Honma et al.,
2001) have successfully been used for designing of potent
drug-like molecules. Similarly for the agonist designing of G-
protein coupled receptors (GPCR) protein family, homology
models have been employed (Hillisch et al., 2004).

Re-docking of the reference ligands to PDE3A and PDE5A
catalytic domains through Glide XP was performed to valid-
ate the docking protocol for the prediction of known binding
pose within the native binding pocket. After docking, the lig-
and showed GlideXP dock score of �11.80 kcal/mol and
�9.10 kcal/mol against PDE5A and PDE3A respectively. Finely
re-docked poses of sildenafil with PDE5A and PDE3A catalytic
domains in comparison to their co-crystallized poses are
given in Figure S1.

The e-pharmacophore hypothesis generated for PDE5A
catalytic domain comprised of five pharmacophore features
with less than 2.00 Å distance which included one hydrogen-
bond acceptor (A6), one hydrogen-bond donor (D7), two aro-
matic rings moieties (R13 & R14) and one hydrophobic group
(H9) (Figure 3(a)). Similarly, in case of PDE3A, e-pharmaco-
phore hypothesis based on the GlideXP energetic terms con-
tained four common pharmacophore sites; a hydrogen-bond
acceptor (A6), one hydrogen-bond donor (D7) and two aro-
matic rings moieties (R12 and R15) (Figure 3(b)).

The rank order of PDE3A catalytic domain pharmacophore
features were the same as PDE5A e-pharmacophore. Phase uses
energy terms of GlideXP docking to translate the binding inter-
action of the best docked poses to ascertain highly scoring
pharmacophore features. Scores for all the pharmacophore fea-
tures in PDE5A and PDE3A Phase hypothesis were less than
1.00 kcal/mol (Table 1). Four common features between PDE5A
and PDE3A pharmacophore hypothesis encompassed the crit-
ical conserved receptor-ligand interactions in which glutamine
(Q) residues acted as hydrogen bond donor and acceptor while
aromatic rings of two phenylalanine (F) residues were involved
in p-p stacking interaction. These four common features were
kept as criterion while screening the dual inhibitors.

Figure 3. Energy based pharmacophore features of Sildenafil in complex with PDE5A catalytic domain (a) and PDE3A catalytic domain (b).

Table 1. Scores of e-pharmacophore features of PDE5A and PDE3A.

Rank Feature Score (kcal/mol) X Y Z Type

PDE5A
1 A6 �2.17 33.46 165.05 16.74 Acceptor
2 D7 �2.17 32.85 163.07 15.45 Donor
3 R14 �1.16 31.16 159.90 14.70 Aromatic ring
4 R13 �0.98 31.88 162.98 17.54 Aromatic ring
5 H9 �0.16 30.94 161.18 21.16 Hydrophobic
PDE3A
1 A6 �2.17 31.28 79.02 22.14 Acceptor
2 D7 �2.12 31.50 78.33 19.81 Donor
3 R12 �1.52 31.09 76.60 21.20 Aromatic ring
4 R15 �0.64 32.32 76.06 17.01 Aromatic ring
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3.3. Pharmacophore validation analysis

Pharmacophore models of both PDE3A and PDE5A catalytic
domains were validated before virtual ligand screening to
assess their statistical significance in terms of retrieving true
hits from the databases. For validation various statistical
parameters including EF, RIE, BEDROC, AUAC and ROC were
estimated using their respective actives and decoy datasets.
The enrichment factors (EF) is a widely used performance
parameter used in virtual ligand screening studies. It is a
quantitative measure of the ability of the screening strategy
to recognize maximum actives in a defined early recognition
fraction and discourages random selection of ligands. In the
current study, enrichment (EF) in top 1% of the decoy set
was calculated. Enrichment factor is defined as a ratio
between the fraction of active ligands retrieved from an
enriched ligand subset and the fraction of total active com-
pounds retrieved from the total ligands in the database.

Equation used for calculating EF is given below (Ece,
2020):

EF ¼ ðALr=NLsÞ=ðALt=NLÞ
where ALr denoted the number of expected active ligands
retrieved from database, NLs represents the number of
ligands screened at selected percent of the database, ALt is
the total number of experimentally found active ligands in
entire database, and NL is the number of ligands in entire
dataset (Ece, 2020). In simple words, it is the fraction of
active compounds recognized after the fraction of ligand/
decoys has been screened. EF is recommended to be always
greater than 1 while higher EF percentage indicates better
filtering capability of the e-pharmacophore in picking the
right ones (Dror et al., 2009).

Validation of PDE5A e-pharmacophore hypothesis
revealed that EF in top 1% of the decoy dataset is 18%
which demonstrates that PDE5A specific e-pharmacophore is
18-fold efficient in detecting true positives/actives from
entire dataset.

Statistical significance of PDE5A-specific e-pharmacophore
was also validated by calculating BEDROC. Contrary to EF,
which has been detailed above, BEDROC seeks to measure
the early enrichment of the actives. BEDROC values were cal-
culated at different tuning parameter values (a¼ 8.0, a¼ 20.0
and a¼ 160.9) and found to be 0.923, 0.943 and 0.993,
respectively. An a value of 20 is recommended which indi-
cates that 80% of the BEDROC value is assigned to the top
8% of the ranked ligands. Similarly, area under the accumula-
tion curve (AUAC) is also used to measure the virtual screen-
ing performance. Simply, AUAC suggests true positive/active
rate versus false positive rate. It corresponds to the probabil-
ity of ranking an active compound higher than any randomly
selected compound in a normally distributed dataset
(Truchon & Bayly, 2007). Thus, it depicts the discrimination
power of the pharmacophore hypothesis. Additionally, ROC
score and RIE value were also computed for validation. In
case of ROC, values closer to 1 correspond to a reliable
pharmacophore in differentiating active compounds from
non-active compounds (Ece, 2020), whereas RIE higher than
10.0 is generally preferred for that purpose. ROC score, RIE

value and AUAC were found to be 0.91, 11.32 and 0.93
respectively.

Similarly, PDE3A pharmacophore model validation param-
eters showed that EF in top 1% of the decoys was 65 and
BEDROC at a¼ 8.0, a¼ 20.0 and a¼ 160.9 were 0.959, 0.963
and 0.989, respectively. Moreover, ROC, RIE and AUAC values
were calculated as 0.96, 16.59 and 0.97, respectively. Thus,
PDE3A e-pharmacophore was found to be statistically signifi-
cant in picking the actives from decoy dataset. The large
variation in EF of PDE5A catalytic domain pharmacophore
and PDE3A catalytic domain pharmacophore might be attrib-
uted to the difference in the number of actives and decoys
used in the datasets.

3.4. Pharmacophore based virtual ligand screening

Validated e-pharmacophore models of PDE5A and PDE3A
catalytic domain displaying the key features required for
the molecular inhibition of these enzymes were employed
further for screening of CoCoCo database. From the total
numbers of compounds and conformers present in data-
base, 432876 matches were found against pharmacophore
hypothesis of PDE5A catalytic domain. Whereas, phase
screening in case of PDE3A yielded 438287 hits for virtual
ligand screening. After applying Qikprop, Lipinski RO5 filters
and removal of reactive functional groups, 353434 and
365299 hits were left against PDE5A and PDE3A respectively
for docking-based ligand screening through a three tier
Glide docking protocol. In case of PDE5A, 353434 com-
pounds were narrowed down to only 354 top ranked drug-
like molecules through successive docking by Glide HTVS,
SP and XP. Similarly, 365299 phase screened compounds
were filtered through rigorous docking to 366 top ranked
compounds. All these top ranked compounds were found
to be aligned well with the pharmacophore features of
PDE5A and PDE3A catalytic domains. In addition to the
Glide dock score and Glide biding energy, all the well-
matched docked compounds of PDE5A and PDE3A were
subsequently investigated for MMGBSA energy calculations
in Prime-MMGBSA plugin.

3.5. Clustering analysis

Clustering analysis was performed and the clusters with high
probability/score of detecting receptor ligand contact accur-
ately were selected. As objective of the current study is to
find out the potential drug like molecules which can bind to
the conserved binding pocket residues of PDE5A and PDE3A
binding pockets. The primary focus of this approach was to
cluster those compounds in one leaf where maximum 2D
contact intensity was present for conserved catalytic resi-
dues. Alongside, clusters with high leaf score were also con-
sidered for analysis. In case of hydrogen bond clusters,
clusters with contact score of �8 were selected; whereas for
polar contacts, all the clusters with contact score of �15
were selected. Graphs and contact maps for PDE5A and
PDE3A clustering analysis are shown in supplementary fig-
ures (Figures S2 and S3) respectively. From 354 docked poses
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of PDE5A, 180 compounds in total were selected from the
clusters derived from hydrogen bonds and polar contacts
analysis. Similarly for PDE3A, hydrogen bond and polar con-
tact based cluster analysis yielded 169 compounds out of
366 docked poses with potential intermolecular interactions.

3.6. Interaction analysis

Afterwards, all the selected compounds were first subjected
to 2D interaction analysis using ligand interaction tool of
Schr€odinger 2018-3. Binding pocket analysis mentioned
above revealed conserved catalytic residues of PDE5A and
PDE3A (Figure 1(c)). Various studies have also reported crit-
ical active site residues of PDE5A that are important for the
catalytic activity of the enzyme. Residues Y612, L765 F786,
Q817 and F820 are critical active site residues that bind to
the drug molecules in PDE5A (Bhatia & Sherikar, 2017; Wang
et al., 2008). Among them, hydrogen bond interaction due to
Q817 and p-p stacking interactions imposed by F820 are
highly important (Card et al., 2004). Moreover, biochemical
studies also reported van der Waals interactions between the
PDE5 binding pocket residues (V782, A783, F786, I813, M816,
Q817, F820) and inhibitors while none of the study reported
any role of metal ions interactions in inhibition of PDE5A
activity (Wang et al., 2012; Wang et al., 2006).

Several studies regarding selective PDE3A inhibitors have
shown that cilostazol and milrinone, both bind with six key
catalytic residues i.e. Y751, T844, D950, F972, Q1001 and
F1004) to inhibit the activity of PDE3A activity (Movsesian,
2003; Zhang & Colman, 2000). Residue F1004 is a substrate
recognition amino acid which stacks over the drug molecules
and site-directed mutagenesis studies reported that mutation
of this particular residue influence/decrease the binding of
drug molecule. Threonine residue at position 844 is also very
decisive in inhibitor binding (Zhang et al., 2002; Zhang
et al., 2001).

Five common drug-like compounds exhibiting potential
hydrogen bonds and hydrophobic interactions with the con-
served binding pocket residues of PDE5A and PDE3A cata-
lytic domain were represented further through 3D
intermezzo analysis.

Intermezzo-generated comprehensive 3D interaction ana-
lysis of five top selected compounds dissected and further
clarified the nature of intermolecular interactions present
between drug-bound PDE5A and PDE3A catalytic domain
complexes. Two-dimensional fingerprints generated during
clusters analysis were well preserved in Intermezzo analysis
while additional interacting residues were also observed.
Beside interacting residues, binding pocket occupancy as
well as dock score, fitness score, MMGBSA binding dG value
and drug-likeliness parameters were also considered while
selection of the dual inhibitors and compared with reference
drugs (Table 2).

Top five lead drug-like molecules proposed in the current
study as dual inhibitors against PDE5A and PDE3A catalytic
domain were observed to have potential interactions with
the critical conserved catalytic residues of the aforemen-
tioned enzymes. Occupancy of these residues in blocking the Ta
bl
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activity of PDE5A and PDE3A catalytic domains has been
established in past studies. Interaction pattern of these drug-
like molecules with non-conserved PDE5A and PDE3A
respective residues revealed that even if a residue was not
conserved in PDE3A, the amino acid residue was still inter-
acting with the drug molecule. For instance, although the
interacting amino residues in PDE5A (S663 and M816) were
replaced by T844 and L1000 in PDE3A, similar interaction
patterns were observed meaning the substitution of those
residues did not significantly affect the behavior and nature
of the catalytic pocket in binding a drug molecule.

Important interacting residues, dock score, MM-GBSA and
Qikprop estimated drug like properties of selected complexes
are summarized in Table 2. Shapes and topologies of
4926615, 1366057, 6015270, 1585921 and 1460469 were
consistent with the e-pharmacophore models of PDE5A and
PDE3A as their fitness score were >1.5 (Table 2). Two-dimen-
sional chemical structures of five selected drug-like mole-
cules are shown Figure S4. All these ligands established
interactions with F786, Q817 and F820 when bound to
PDE5A and were interacting with F972, Q1001 and F1004 in
PDE3A-bound complexes. In addition to these conserved res-
idues, interactions with other residues of PDE5A and PDE3A
that are known to contribute towards the inhibition of their
activity have also been observed and documented below.

Compound 4926615 fits well within the binding pockets
of PDE5A and PDE3A catalytic domain with docking scores

of �12.10 kcal/mol and �10.01 kcal/mol respectively (Figure
4(a,b)). In PDE5A-4926615 complex, MM-GBSA score was
�73.17 kcal/mol while MM-GBSA binding free energy of
4926615-PDE3A complex was �72.89 kcal/mol. All the
matching sites of 4926615 with PDE5A and PDE3A e-pharma-
cophore hypothesis and their respective intermolecular inter-
actions with conserved as well as other critical binding
pocket residues of PDE5A and PDE3A catalytic domain are
highlighted in Figure 4(c,d). In case of PDE5A, compound
4926615 showed four hydrogen bonds with L725, L765 and
Q817. Whereas, F786, F820 established p-p stacking (aromatic
interactions) with the 4926615. Carbon-p and a donor-p
interactions were also observed between the proposed lig-
and and L765, G819 and F820 of PDE5A. Furthermore, a
dense network of hydrophobic interactions between
4926615 atoms and binding pocket residues i.e. M816,
N662, S663, L804 was also observed (Figure 4e). Similarly,
compound 4926615 showed hydrogen bonds with Q1001
and S1003 while aromatic interactions (ring-ring) were
noticed between F972, F989 and F1004 in PDE3A-4926615.
Hydrophobic interactions with T844, D950, I951, I968, P988
and I1008 were also present between PDE3A-4926615 com-
plexes (Figure 4(f)).

Binding pocket occupancy and binding pattern of com-
pound 6015270 with PDE5A and PDE3A is shown in Figure
5(a,b) respectively. Dock score and MM-GBSA binding energy
is given in Table 1. Compound 6015270 is showing all the

Figure 4. (a, b) Surface representation of binding pockets of PDE5A and PDE3A showing higher occupancy of ligand 4926615. (c, d) Alignment of respective
e-pharmacophore models of PDE5A and PDE3A with ligand 4926615. (e, f) Three-dimensional intermezzo analysis of PDE5A-4926615 complex and PDE3A-
4926615 complex. Hydrogen bonds are shown in purple dotted lines, aromatic interactions including p-p stacking are highlighted in green color. Atom-ring inter-
actions (carbon-p) are highlighted in orange color whereas hydrophobic interactions are shown in pink color.
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Figure 5. (a, b) Surface representation of binding pockets of PDE5A and PDE3A showing higher occupancy of ligand 6015270. (c, d) Alignment of respective
e-pharmacophore models of PDE5A and PDE3A with ligand 6015270. (e, f) Three-dimensional intermezzo analysis of PDE5A-6015270 complex and PDE3A-
6015270 complex. Hydrogen bonds are shown in purple dotted lines, aromatic interactions including p-p stacking are highlighted in green color. Atom-ring inter-
actions (carbon-p) are highlighted in orange color whereas hydrophobic interactions are shown in pink color.

Figure 6. (a, b) Surface representation of binding pockets of PDE5A and PDE3A showing higher occupancy of 1366057 ligand. (c, d) Alignment of respective
e-pharmacophore models of PDE5A and PDE3A with ligand 1366057. (e, f) Three-dimensional intermezzo analysis of PDE5A-1366057 complex and PDE3A-
1366057 complex. Hydrogen bonds are shown in purple dotted lines, aromatic interactions including p-p stacking are highlighted in green color. Atom-ring inter-
actions (carbon-p) are highlighted in orange color whereas hydrophobic interactions are shown in pink color.
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chemical features required for its good alignment with the e-
pharmacophore hypothesis of PDE5A (Figure 5(c)) and
PDE3A (Figure 5(d)). In addition to the conserved interac-
tions, compound 6015270 also engaged important residues
i.e. Y612, Q775, V782 and M816 of PDE5A catalytic pocket
through p-p stacking, hydrophobic and atom-ring interac-
tions shown in Figure 5(e). In PDE3A-6015270 binding of
6015270 with V969, T965, F989, L910, D950, L1000 and I1008
of PDE3A catalytic domain through varying nature of inter-
molecular forces is also evident in Figure 5(f).

One of the top hits 1366057 was found very well docked
within the binding pockets of PDE5A and PDE3A catalytic
domains (Figure 6(a,b)) with dock scores of �12.66 kcal/mol
and �11.30 kcal/mol respectively while both the docked
complexes were also found stable at MM-GBSA �60.05 kcal/
mol and �78.79 kcal/mol respectively (Table 2). In case of
PDE5A e-pharmacophore 4 out of 5 sites matched very well
with a fitness score of 1.83 (Figure 6#) while all the 4 sites
of PDE3A e-pharmacophore were aligned well with a fitness
score of 2.26 (Figure 6(d)). Three-dimensional interaction ana-
lysis of PDE5A-1366057 revealed maximum number of
native inhibitory interactions with Y612, N662, S663, F786,
L804, M816, Q817 and F820 that was reported in previous
studies (Figure 6(e)). Likewise, PDE3A-1366057 interaction
analysis shown interactions of T844, I968, F972, P988, F989,
L1000, Q1001 and F1004 with 1366057 atoms (Figure 6(f)).

This complex has had the maximum number of inhibitory
interactions reported in literature for blocking the activity of
PDE3A catalytic domain.

Last two compounds; 1585921 and 1460469 showed
similar interaction behavior with the binding pocket residues
of PDE5A and PDE3A. Compound 1585921 was docked with
catalytic domains of PDE5A and PDE3A with dock score of
�13.23 kcal/mol and �12.10 kcal/mol respectively and seems
well-bound inside the binding cavity (Figure 7(a,b)) (Table 2)
while MM-GBSA energy values of PDE5A-1585921 and
PDE3A-1585921 were �74.24 kcal/mol and �70.55 kcal/mol
respectively (Table 2). Interaction pattern of PDE5A-1585921
showed hydrogen bonds with N662 and Q817 and a number
of aromatic (ring-ring) interactions with F786, F820. Atom
–ring interaction was also observed between the 1585921
and L725, I665, V782 and F820 (Figure 7(e)). In the same
way, 1585921 showed similar conserved hydrogen bonding
with Q1001 and S1003 and various aromatic interactions
(mainly p-p stacking interactions) with F972, F989 and F1004
were also observed. A thick framework of hydrophobic inter-
actions between 1585921 and I968, L1000, H1007 is also
shown in Figure 7(f).

Compound 1460469 was also a well scored compound
and its binding pocket occupancy for PDE5A and PDE3A is
also shown in Figure 8(a,b). All the pharmacophore matching
sites of 1460469 with e-pharmacophores PDE5A of PDE3A

Figure 7 (a, b) Surface representation of binding pockets of PDE5A and PDE3A showing higher occupancy of 1585921 ligand. (c, d) Alignment of respective
e-pharmacophore models of PDE5A and PDE3A with ligand 1585921. (e, f) Three-dimensional intermezzo analysis of PDE5A-1585921 complex and PDE3A-
1585921 complex. Hydrogen bonds are shown in purple dotted lines, aromatic interactions including p-p stacking are highlighted in green color. Atom-ring inter-
actions (carbon-p) are highlighted in orange color whereas hydrophobic interactions are shown in pink color.
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(Figure 8(c,d)) correspond to the important residues required
for the inhibition of these enzymes (Figure 8(e,f)). Compound
1460469 showed a dock score of �12.55 kcal/mol when
bound to PDE5A while the docking score was �11.30 kcal/
mol when it was docked with PDE3A (Table 2). MM-GBSA
scores of both the complexes were �75.63 kcal/mol and
�70.09 kcal/mol (Table 2). In PDE5A, 1460469 makes hydro-
gen bond with Q817 and aromatic interactions with F786
and F820. Atom-ring interactions between Compound
1460469 and N662 and V782 were also observed (Figure
8(e)). Analogous interaction pattern was observed in PDE3A-
1460469 where D950, I968, F972, F989, L910, L1000, Q1001,
F1004 and I1008 were involved in stabilizing the 1460469
within the active cleft of the PDE3A through multiple inter-
molecular forces (Figure 8(f)).

Qikprop drug-likeliness analysis of five compounds dis-
cussed above is given in Table 2. All the lead compounds
were found consistent with the Lipinski RO5. With regard to
other ADME/TOx filters for example SASA, QPPMDCK, %HOA,
QlogP BB, PSA and QPlogPo/w all the predicted values are
within the recommended ranges. This indicates the theoret-
ical soundness of these molecules as strong drug candidates.

Based on the e-pharmacophore screening and interaction
analysis of PDE5A and PDE3A inhibitors, we bring forth five
candidates drug molecules that are in good agreement with
the experimentally reported molecular interaction data.

4. Conclusion

Results obtained by a comprehensive in silico study
described herein uncovered a novel set of five inhibitors
with dual specificity against PDE5A and PDE3A. By apply-
ing a systematic virtual screening approach based on stat-
istically validated e-pharmacophore models, it has been
figured out that the binding behaviors of these lead com-
pounds are consistent with experimentally reported stud-
ies. These molecules can fit well within the binding
pockets of both receptors and various validation checks
have also been performed to compare their binding ener-
gies and drug-like properties with already reported FDA
approved PDE5A and PDE3A selective drugs. Top list hits
identified in the current study for combinatorial inhibition
of cardio-tonic PDE5A and PDE3A have been predicted to
possess comparable inhibitory potential as sildenafil and
cilostazol. Proposed lead compounds for mixed selectivity
against PDE5A and PDE3A will provide a robust platform
for the primary therapeutic interventions including rational
modifications and experimental procedures for the lead
optimization.

We anticipate that the present study will provide the
structural insight about the nature of catalytic core of PDEs
and may prove instrumental in conceptualizing the frame-
work of using multiple PDE inhibitors.

Figure 8. (a, b) Surface representation of binding pockets of PDE5A and PDE3A showing higher occupancy of 1460469 ligand. (c, d) Alignment of respective
e-pharmacophore models of PDE5A and PDE3A with ligand 1460469. (e, f) Three-dimensional intermezzo analysis of PDE5A-1460469 complex and PDE3A-
1460469 complex. Hydrogen bonds are shown in purple dotted lines, aromatic interactions including p-p stacking are highlighted in green color. Atom-ring inter-
actions (carbon-p) are highlighted in orange color whereas hydrophobic interactions are shown in pink color.
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